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Secondary structures within the 50 untranslated regions of messenger RNAs can have
profound effects on the efficiency of translation of their messages and thereby on gene
expression. Consequently they can act as important regulatory motifs in both physiological
and pathological settings. Current approaches to predicting the secondary structure of these
RNA sequences find the structure with the global-minimum free energy. However, since RNA
folds progressively from the 50 end when synthesised or released from the translational
machinery, this may not be the most probable structure. We discuss secondary structure
prediction based on local-minimisation of free energy with thermodynamic fluctuations as
nucleotides are added to the 30 end and show that these can result in different secondary
structures. We also discuss approaches for studying the extent of the translational inhibition
specified by structures within the 50 untranslated region.
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1. Introduction
Gene expression is tightly regulated at several separate stages to establish and maintain
appropriate expression levels. Much research attention has focused on transcriptional
regulation while, until recently, there has been less interest in the regulation of translation
of specific gene products. However, in the last few years, misregulation of translation has
been shown to contribute to the pathogenesis of numerous human diseases, such as
cardiac hypertrophy, ataxia, some neurodegenerative diseases including Huntington’s and
Alzheimer’s and cancer [1,2], therefore mechanisms controlling gene-specific translation
are becoming more intensively studied. The major mechanism for initiation of translation
is cap-dependent scanning. This requires binding of the molecular initiation machinery
to the mRNA cap at the 50 end of the molecule and subsequent scanning through the 50
untranslated region (UTR) until the machinery arrives at and recognizes the initiation
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codon of the reading frame. At this point, more factors are recruited and protein
synthesis starts. 50 UTR sequences can modulate translation of specific mRNAs
by interfering with either the recruitment or scanning of translation factors [3].
For example, 50 UTRs containing regions of secondary structure, i.e. regions where intra-
molecular base pairing folds the molecule, can have a particularly potent inhibitory
effect on translation [4]. Only a minority of genes express these structured 50 UTRs,
but this minority is notable since it contains many oncogenes, tumour suppressors and
other genes associated with cell proliferation or disease [5]. In addition, regulation of
the effects of RNA structure is significant since it acts as a point of gene misregulation
in cancer [6].
Our understanding of the regulation of gene-specific translation, however, is limited by our
inability to predict accurately the structures formed by 50 UTR sequences. A number
of computer algorithms have been developed to predict RNA secondary structures
(examples, Vienna RNAfold [7] and mfold [8]). These use dynamic programming methods to
identify the structure with the global-minimum free energy for any input sequence.
The free energy (DG, a negative value) is calculated as the sum of the stabilising
contributions of each base pair (negative values) and the destablising effects of un-paired
bases forming loops or bulges (positive values) as determined experimentally [9].
Algorithms have been used with some success to predict structures of certain RNAs, such
as ribozymes, but have proved less useful for prediction of 50 UTR structure, although results
can be improved when additional, experimentally-determined, structural information is also
used to inform the algorithm [10].
RNA molecules are synthesised by sequential addition of nucleotides to the 30 end of
an extending linear chain by RNA polymerases. Therefore, rather than folding into a
secondary structure as a complete molecule, folding actually occurs progressively from
the 50 end during on-going synthesis of 30 sequences. Similarly, the passage of
translational machinery along the complete molecule in a 50 –30 direction causes local and
general structural unfolding with de novo folding occurring from the 50 end as it emerges
after scanning. A consequence of this is that initial base pairing is more likely between
bases that are relatively close on the linear chain, since those more distant in a 30 direction
are not yet available. Of course, the structures formed may refold as more sequence is
released from the polymerase or the scanning translational machinery, but only if the free
energy of the new structure is more favourable and importantly, if thermodynamics allow
that the activation energy required for unfolding of the existing structure is overcome.
These considerations mean that the RNA may not actually fold into the structure with the
global-minimum free energy. A key point about the current folding algorithms is that
they attempt to find this global-minimum free energy and assume that all the possible
configurations in the energy landscape are possible; hence the history of how the RNA
structure arose does not influence the prediction and this aspect of the biology is not taken
into account. In addition, modelling accurate structures is only half the battle, since
understanding of how and to what extent these structures influence translation is required
to gain insight into their regulatory effects. We have no clear mechanism of linking 50
UTR structures to the extent of their translational inhibition other than by
experimentation, aside from the generalisation that 50 UTRs with lower minimum free
energies may have greater inhibitory effects. In this article, we describe ways in which
modelling 50 UTR structures and their effects on translation can be imbued with a more
biological approach with a view to gaining greater understanding of the importance of 50
UTR structure in gene regulation and disease.
T. A. Hughes and J. N. McElwaine38
2. Results and discussion
2.1 mRNAs fold progressively from the 50 end—implications for modelling
We have examined how the minimum free energies and RNA structures determined by one of
the most-used folding algorithms vary with increasing length of RNA chain as if emerging
from synthesis or translational scanning by analysing progressively longer sections of test
mRNA using mfold v3.2 (default settings; http://www.bioinfo.rpi.edu/applications/mfold/
old/rna/). We have used the human axin2 mRNA with 50 UTRb (axin2 can express three
alternative 50 UTRs) as our test sequence since we have previously determined that its
structure causes substantial translational inhibition [11]. We have extended the RNA in 10
nucleotide sections, starting with only 10 through to 100 nucleotides into the coding region.
We show minimum free energies (figure 1A), free energies per nucleotide (figure 1B) and a
summary of the predominant structure for critical lengths highlighting significant base
pairings (figure 2).
Minimum free energy decreases with the length of RNA since more bases are available for
pairing (figure 1A). Free energy per nucleotide initially decreases with increasing length of
RNA to reach two low points (at 60 and 120 nucleotides) before increasing gradually towards
Figure 1. Modelling the effects of RNA chain extension on determination of minimum free energies. Increasing
lengths of the human axin2 50 UTRb mRNA sequence were analysed using mfold, starting with the most 50 10
nucleotides only, then the most 50 20 nucleotides and so on. The minimum free energy (DG) and minimum free
energy per nucleotide of the resultant structures are shown (figure 1A and B, respectively). The data for RNAs of
certain lengths are highlighted: 60 and 120 nucleotides, since these have the lowest free energy per nucleotide and
form stable structures (figure 2B and C) and 70 and 100 nucleotides, since these have particularly small decreases in
minimum free energy from their previous shorter chain lengths and their predicted structures are likely to misleading
(see Results and Discussion).
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a plateau value when the full 50 UTR is analysed (the reading frame starts at nucleotide 244
therefore, the first 250 include the entire 50 UTR) (figure 1B). In some cases, successive
extensions to the RNA chain do not alter the 50 structure (for example 130–270 nucleotides),
while in others, the new structure for each longer molecule is a modification of, or entirely
replaces, the previous structure (for example 70, 80, 100 and 110 nucleotides) (figure 2). We
consider that detailed analyses of these data give insights into structures that may be formed
and maintained during the extension of folding RNAs during synthesis or after translational
scanning. For example, a stem-loop structure is predicted for the first 60 nucleotides (figure
2B). This structure has a low free energy per nucleotide suggesting that is particularly stable
(figure 1B) and it is present in every predicted structure from 110 nucleotides onwards since
nucleotides 30 of position 60 pair with themselves rather than with the 50 end (figure 2A).
However, it is absent from the predictions for 70 or 100 nucleotides where the most 30
nucleotides break the existing structure and base pair with the extreme 50 end of the molecule.
In each of these cases, there are particularly small decreases in minimum free energy from
Figure 2. Modelling the effect of RNA chain extension on structural prediction. Increasing lengths of the human
axin2 50 UTRb mRNA sequence were analysed using mfold as for figure 1. The structures formed at each length were
examined and compared. About 60 and 120 nucleotides form structures with particularly low free energies per
nucleotide and these structures are maintained in the majority of subsequent foldings. Structures at each length are
summarised (figure 2A) so as to describe the base pairing and to note the inclusion of the patterns formed by 60 or
120 nucleotides (shown in figure 2B and C, respectively).
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the previous structures (figure 1A) and consequent increases in free energy per nucleotide
(figure 1B). We suggest that the structures predicted for 70 and 100 nucleotides represent
structures that, despite having slightly lower minimum free energies than the previous shorter
structures, would not form since this would require unfolding of existing stable structures
(in terms of free energy per nucleotide). Similarly, the double stem-loop structure formed
from 120 nucleotides (figure 2C) is present in each folding from 120 through to 270
nucleotides (as well as being present when the full length mRNA is folded; not shown).
However, it is not present in the patterns formed by 280, 290 and 310–350 nucleotides
where, again, the new 30 bases pair with critical elements of the “120” structure (figure 2A).
This double stem-loop structure has the lowest free energy per nucleotide of the data set,
suggesting stability (figure 1B). We suggest that this stable structure is unlikely to unfold
readily in response to the presence of alternative base pairing partners over 160 nucleotides
further along the molecule.
First, we conclude that analysis of multiple different lengths of an RNA molecule may be
required to establish whether a structure has functional significance, or alternatively is
transient at best, or artefactual at worst. Secondly, we conclude that algorithms for RNA
structural prediction that ape the biology of an extending RNA chain are likely to be more
accurate. One approach would be to couple the minimisation algorithm directly to the
thermodynamics of the system as it is constructed in time and to simulate an ensemble of
molecules. That is, the secondary structure of the RNA molecule would evolve randomly in
time as a Markov chain, with transition probabilities to a state proportional to e2DGi/T, where
DGi is the free energy of state i and T is the temperature. In this approach, states with
unbound bases must be included as they represent the energy barriers that must be overcome
to change states. This is repeated for a number of random steps corresponding to the time
necessary for the next base to be added to the 30 end and the process repeated. Running the
simulation procedure thousands of times will then produce a distribution of final secondary
structures. The necessary background for this is in place in the Vienna code, which allows
computation of the partition function, however implementing a stochastic evolution
algorithm that is efficient enough to provide predictions in reasonable time is not trivial. The
key difficulty to address is choosing the appropriate intermediate states and defining their
energy. The simulation would be greatly accelerated by choosing large effective time steps
that allow direct transitions between different secondary structures. Instead the simpler
approach we have taken, using mfold, could be developed. Rather than considering the full
stochastic evolution of the secondary structure, a series of local optimisation procedures can
be used. Given a chain of length N, the structure of the first (measuring from 50) N 2 n bases
can be fixed before finding the optimal configuration of the remaining n nucleotides at the 30
end. As each new nucleotide is added the procedure can be repeated. n can be chosen as a
fixed number or chosen so as a fixed amount of energy is necessary. This can be regarded as
an acceleration of the stochastic procedure where we move straight to the state with
minimum energy that only requires moving over intermediate states with certain energy.
2.2 Modelling the effect of 50 UTR structures on translation
Although longer 50 UTRs tend to have lower minimum free energies (figure 1A), this does
not necessarily seem to cause greater inhibition of translation, indeed it is the shortest of the
three 50 UTRs expressed from the human axin2 gene that inhibits translation most [11]. The
free energies per nucleotide of specific structures within the 50 UTR are likely to be more
relevant since these may relate to their stabilities and therefore to their potentials to block the
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recruitment of translation factors or scanning. An approach to assess this is to determine the
free energy per nucleotide of a relatively small number of nucleotides within the whole
folding pattern in a ”scanning window” moving from the 50 to the 30 end of the molecule.
Regions of high local structure determined in this way (high local free energy per nucleotide)
are likely to confer considerable inhibitory effects on translation. It should be noted that
structures close to the 50 cap or to the initiation codon, and those within the body of the 50
UTR should be treated separately since these are thought to target factor recruitment and
scanning respectively and therefore to have different effects [12,13].
A number of strategies allow accurate measurement of translational inhibition specified by
particular 50 UTRs within cells [11,14]. In these experiments, a reporter gene is expressed
with either a control 50 UTR, which lacks significant regulatory motifs, or with a test 50 UTR.
Reporter mRNA and protein expression are determined in both cases and the effect of the test
50 UTR on translation accurately quantified by comparison to the control. These strategies
could be developed to allow high-throughput determination of the influence of any biological
or artificial 50 UTR. This unlocks the attractive prospect of combining the extent of the
biological influences of 50 UTRs with predictions of their structures in order to investigate
the link between structure and translational inhibition. This would be achieved by
simultaneously predicting structures for hundreds of 50 UTRs and precisely measuring their
degrees of inhibition. These would then be used by a computer classification system to
identify the structures that are responsible for the inhibition. The key difficulty here is to
identify a low-dimension parameterisation of the structure so that the classification system is
effective. This could be done by describing the structure in terms of the lengths of each base
paired section and how they are connected together. To what extent a purely geometric
classification like this can explain the inhibition is a very interesting question.
3. Conclusions
Accurate prediction of RNA structure within 50 UTRs will give substantial insights into the
functional regulation of many important genes in the context of normal physiology and
pathology. We may have reached the limits of the current modelling techniques that are based
on our understanding of RNA chemistry. Incorporation of either a more biological approach
or additional biological data into this approach in the future is likely to enhance the accuracy
of these predictions, and therefore their worth in the study of gene regulation.
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